Epigenetic factors and consumption of alcohol, which suppresses DNA methylation, may influence the development and progression of epithelial ovarian cancer (EOC). However, there is a lack of understanding whether these factors interact to affect the EOC risk. In this study, we aimed to gain insight into this relationship by identifying leukocyte-derived DNA methylation markers acting as potential mediators of alcohol-associated EOC. We implemented a causal inference test (CIT) and the VanderWeele and Vansteelandt multiple mediator model to examine CpG sites that mediate the association between alcohol consumption and EOC risk. We modified one step of the CIT by adopting a high-dimensional inference procedure. The data were based on 196 cases and 202 age-matched controls from the Mayo Clinic Ovarian Cancer Case-Control Study. Implementation of the CIT test revealed two CpG sites (cg09358725, cg11016563), which represent potential mediators of the relationship between alcohol consumption and EOC case-control status. Implementation of the VanderWeele and Vansteelandt multiple mediator model further revealed that these two CpGs were the key mediators. Decreased methylation at both CpGs was more common in cases who drank alcohol at the time of enrollment vs. those who did not. cg11016563 resides in TRPC6 which has been previously shown to be overexpressed in EOC. These findings suggest two CpGs may serve as novel biomarkers for EOC susceptibility.
Introduction
As the country's fifth most common cause of cancer mortality in women, epithelial ovarian cancer (EOC) is the leading cause of gynecologic cancer death in the United States [1] . The most common personal factors associated with increased risk of EOC include nulliparity or older age at first birth (>35 years), family history (such as due to BRCA1 and BRCA2 mutation or Lynch syndrome). On the other hand, oophorectomy, younger age at pregnancy and first birth (≤25 years), the use of oral contraceptives, or breast-feeding are associated with a reduced risk of EOC [1] . Although environmental exposures such as drinking alcohol could play a role on the development of EOC risk, no consistent result has been produced on an association between alcohol consumption and EOC risk. A metaanalysis by Bagnardi et al. [2] showed that a higher daily alcohol intake (100 g/day) is a risk factor for EOC. While the majority of studies found no association [3] [4] [5] [6] [7] [8] , some identified that wine consumption is associated with a reduced risk of EOC [9, 10] or of endometrioid EOC [6] .
Epigenetic mechanisms such as histone modifications and DNA methylations (DNAm) can lead to functional modifications of the genome by regulating gene expression changes, which consequently influence the phenotypic outcome. They are typically not accompanied by nucleotide changes, but rather the structural changes in the underlying DNA sequence. It has been commonly recognized that DNAm patterns can be influenced by environmental factors, thus can change over time [11] . Such a dynamic changing mechanism mediated by environmental stimuli regulates gene transcription, and has been thought to play a key role in adaptation of the genome to environmental changes. In a study of EOC, Cvetkovic [12] showed that DNAm alterations are an early step in carcinogenesis and could represent a mechanism of disease. Increasing evidence shows that alcohol consumption can induce epigenetic changes [13] . For example, Philibert et al. [14] found that recent alcohol use is associated with widespread changes in DNAm in women, bringing the necessity for further study to confirm these findings and determine their relationship to somatic function. While much recent work has been focused on investigating associations between DNAm and EOC risk [15] [16] [17] , few studies have examined the role of DNAmassociated environmental factors, and none on the role of alcohol consumption on EOC pathophysiology. Because of the findings about the relationship between alcohol consumption and EOC risk, and the known suppression of alcohol on DNAm mechanisms, we conducted a rigorous assessment of potential mechanisms underlying the potential relationship of alcohol consumption with EOC that may be mediated by DNAm.
Identifying the mediating effect of DNAm on EOCs associated with alcohol use is a focus of environmental epigenetics, which is a field for studying epigenetic mediation of exposure-response relationships [18] . Given the empirical evidence, our hypothesis is that DNAm may act as an important causal mediator of alcohol consumption on EOC development. For causal inference, causal mediation modeling is a rigorous approach to identify and explain the mechanism by which an independent variable (e.g., alcohol consumption) affects the outcome (e.g., EOC case-control status) via a third explanatory variable, known as a mediator variable (e.g., DNAm). Specifically, using leukocyte-based epigenetic data collected on a total of 196 EOC cases and 202 controls enrolled in the Mayo Clinic Ovarian Cancer Case-Control Study, we aimed to explore the differences of alcohol consumption by EOC case-control status and further quantify whether such differences may be causally mediated through DNAm.
In this work, we adopted the causal inference test (CIT) [19] to understand the causal mediation mechanism. In the CIT procedure, a series of regression models can be fitted and p-values can be obtained to make statistical inference. The original CIT procedure was developed for lowdimensional mediators. In our analysis, the mediators (CpG sites) are in the order of 20 K. Such high-dimensional data can introduce spurious correlations in addition to the true correlations among the CpG sites [20] . When high correlations occur, a marginal regression as implemented by the original CIT procedure could potentially inflate the type I errors. To overcome this problem, we modified the original CIT procedure by adopting a high-dimensional testing procedure [21] , which is theoretically justified for highdimensional data. This modification improves the original CIT for high-dimensional data and offers an alternative strategy for CIT.
Materials and methods

Study population and risk factor data
Study participants were women of European ancestry who were invasive EOC cases and controls one-to-one matched with EOC cases on the basis age (within 1-year) who provided pre-treatment blood as a source of DNA for leukocyte-derived DNAm analysis. Readers are referred to Koestler et al. [22] for a detailed description of this study population which included 214 cases and 214 controls. Participants were between the ages of 27 and 91 enrolled between year 1999 and year 2007 in the Mayo Clinic Ovarian Cancer Case-Control Study [23] 
DNA methylation data
Leukocyte-derived DNA was assayed with the Illumina Infinium HumanMethylation27 Beadchip platform and underwent quality control procedures at the Mayo Clinic Molecular Genome Facility (Rochester, MN). Readers are referred to Koestler et al. [22] for a detailed description of the data processing procedures. The methylation level of each CpG locus was calculated in GenomeStudio Methylation module (V.1.9.0) and was scored as beta values (β), ranging from 0 (unmethylated) to 1 (methylated). DNAm values were logit-transformed log
to obtain the Mvalue for each CpG locus. A prior study [24] shows that Mvalue is more statistically accepted than beta value for the differential analysis of methylation levels. Thus, the Mvalues were used for the analysis and the corresponding beta values were used when reporting the results. After normalization and adjusting for any batch or plate effects, we utilized beta values and M-values for 25,926 CpG loci.
Leukocyte sub-types composition data
Koestler et al. [22] shows that heterogeneity in the distribution of white blood cell types could be a key confounder when examining the association between DNAm and EOC status. Koestler et al. [22] examined the difference in cell type proportions between ovarian cases and controls and measured the leukocyte sub-types composition for each of the study samples. They found that granulocyte fractions were higher in EOC cases, while CD8+ T lymphocyte and CD4+ T lymphocyte, and, to a lesser extent B-cell and NK cell fractions, were lower in EOC cases compared to controls. A mixture deconvolution method by Houseman et al. [25] was applied to estimate the expected difference in cell type proportions between EOC cases and controls, and to predict the proportion of the leukocyte sub-types for each of the study samples. The DNAm signatures were finally corrected across different leukocyte sub-types, as well as the differences in white blood cell proportions by EOC case-control status [22] .
Clinical data
Of the EOC cases (n = 196), 131 had tumors of high-grade serous histology (67%), 45 tumors were endometrioid (23%), 10 were clear cell (5%), 4 were mucinous (2%) and 6 (3%) were other/unknown. Table 1 summarizes lifestyle and demographic characteristics of the study population and is similar to those of our original DNAm report [22] . Baseline characteristics are described as mean (SD) for continuous variables and number (%) for categorical variables. The Student t-test or Chi-square test were used for comparisons between groups for continuous or categorical variables, respectively. As can be seen in the table, alcohol use was significantly lower for cases compared to controls (although we cannot rule out whether this represents a risk factor or reflects changes due to disease status because the questionnaire was given at time of diagnosis). Next, we considered a CIT to assess how alcohol consumption modulates DNAm variation which further affect EOC case-control status.
Statistical analyses
The causal mediation model
In casual inference, mediation modeling is a rigorous approach to identify and explain the mechanism by which an exposure (e.g., alcohol consumption) operates via another explanatory variable, known as a mediator variable (e.g., DNAm), to affect an outcome (e.g., EOC). Consider an environmental exposure (L), a potential mediator (G), and a disease trait (T). Figure 1 demonstrates the components of a mediation analysis: L, G, and T. The effect of L on T is coined as the direct effect, while the path from L to G then to T is called the indirect effect. A complete mediation is observed if L affects T only through G, otherwise, a partial mediation is concluded [26] . Mediation analysis has been broadly applied in social analyses and epidemiological studies. Different from a traditional mediation analysis, our interest is to assess the causal effect of L on T mediated through G.
Statistical testing procedures
We implemented a CIT [19] , which simultaneously evaluates multiple hypotheses known to be consistent with causal mediation. In CIT, four conditions are evaluated: (1) L is associated with T; (2) G is associated with T conditional on L; (3) L is associated with G conditional on T; and (4) L is independent of T conditional on G. A p-value can be computed for each condition based on a particular model, for example, a logistic or linear regression model depending on the distribution of the response. Then a maximum pvalue is used to declare significance. This is similar to an omnibus hypothesis test for testing the intersection of the component rejection regions, termed as an ''intersection/ union test''. The omnibus null hypothesis is defined as that at least one component null hypothesis is true.
We implemented the four step procedure corresponding to the four conditions of CIT as illustrated in Fig. 2 . All models were adjusted for the effects of estimated differential leukocyte cell counts, age (continuous), current smoking status (yes vs. no), study enrollment year (1999-2002, 2003, 2004, 2005, and 2006-2007) , location of residence (MN vs. other), parity and age at first birth (nulliparous, 1-2 at ≤20 years, 1-2 at >20 years, 3 + at ≤20 years, and 3 + >20 years), and the first principal component representing within-European population sub-structure. All analyses were performed using R statistical software v3.3.2. In Step 1, we fit a logistic regression model to examine the association between alcohol use and EOC status, adjusting for other covariates' effects. The odds ratio (OR) and its 95% CI were also recorded.
In
Step 2, we evaluated the association between CpG sites and EOC status conditional on alcohol use, while Fig. 2 Identification of epigenetically mediated alcohol consumption for EOC. Flow diagram illustrating the various testing steps, and ensuing resluts, used to identify methylation sites that are candidates for mediators of alcohol consumption for EOC.
Step (1)- (4) are the four components of CIT, where L refers to alcohol use, G refers to DNAm and T refers to the EOC status adjusting for other covariates' effects. Since we evaluated the effects of thousands of CpG sites, an optimal way is to fit all the CpG sites into one single multiple regression model. This, however, is infeasible as the number of variables is larger than the sample size. Alternatively, one can test each CpG site one at a time, then do a multiple testing correction using a method such as FDR. However, when fitting a regression models of case-control status with each methylation site conditional on alcohol assumption, this marginal inference procedure could potentially inflate the type I errors and cannot control the testing size if the CpG sites are correlated (true or spurious correlation). To get around this, we adopted the following high-dimensional testing method as an alternative to thousands of regression models. Penalized regression methods for high-dimensional variable selection have been extensively studied in statistics such as the famous LASSO method [27] and its various extensions, assuming the number of non-zero regression coefficients is sparse. However, such methods can only estimate the regression coefficients and cannot quantify the uncertainly of the estimated coefficients. Hence, they cannot be used for inference when the goal is to get p-values of the regression coefficients. Dezeure et al. [21] did a comprehensive review of the methods for highdimensional testing. Here, we implemented a highdimensional inference procedure to test the regression coefficient of an individual CpG site in a high-dimensional regression set-up. The method is developed under the generalized linear model set-up, de-sparsifying the LASSO regression coefficients, and further quantify the uncertainty of an estimate. Original LASSO assumes sparsity of the regression coefficients in a high-dimensional setting, i.e., many regression coefficients are zeros. By de-sparsifying the LASSO coefficients, one can reduce the estimation bias and obtain the asymptotic normality of the regression estimates. Specifically, we first did a LASSO type penalized logistic regression against all the CpG sites (total p CpG sites) with EOC status (denoted as Y) as the response, while adjusting for other covariates' effects as shown in model (1),
Since the LASSO estimatesβ j ðj ¼ 1; Á Á Á ; pÞ are biased, a de-sparsifying step is needed to obtain the bias-corrected regression coefficient. following van de Geer et al. [28] , we could get a p-value for each CpG site based on the asymptotic normality of the de-sparsified LASSO estimates. Please see the Appendix for the details about the desparsified LASSO estimates. Compared with the coefficient estimated by fitting CpG sites one at a time, this new method gave the partial coefficient of a CpG site by holding other CpG sites constant, while adjusting for other covariates effects. In addition to provide meaningful coefficients' estimates, we could quantify the uncertainty of the estimate and got a p-value for testing each coefficient. After obtaining the p-values for all the CpG sites, we corrected for multiple testing by using the Bonferroni correction.
In the third step, the identified significant methylation CpGs (p-value < 0.05) in Step 2 were subsequently examined based on their association with alcohol use, conditional on EOC status. A linear regression model was fit with methylation as the response and EOC status and alcohol as the predictors, while adjusting for other covariates' effects (see model (2)). We tested H 0 : η j ¼ 0. The p-value tells the strength of the association between the jth CpG site and alcohol consumption, conditional on the EOC status.
The final step involved an examination to check if EOC is independent of alcohol use conditional on those k significant methylation CpGs identified in Step 3. The following logistic regression model (3) was fit for this purpose. We tested H 0 : γ 3 ≠0 vs. H a : γ 3 ¼ 0. This test is different from a usual testing problem and the null distribution is estimated using a bootstrap type approach (see Millstein et al. [19] for a detailed description). A p-value of less than 0.05 indicates independence. The model notation for this step is given as L ⊥ T|G.
The VanderWeele and Vansteelandt multiple mediator model [29] was used for validation of the CIT results. In this model, causal inference is further extended to settings in which multiple mediators may be of interest. One analytic approach based on regression is proposed to estimate the effect mediated through multiple mediators. The model estimates odds ratios (ORs) of the total, direct and indirect effects by combining logistic and linear regressions. Here, we applied the multiple mediator model to evaluate the total effect (TE), direct effect of alcohol consumption on EOC status as well as the indirect effect of alcohol consumption on EOC status mediated through multiple methylation change. The results were described by the total, direct and indirect ORs and the 95% confidence intervals (CIs). The log of ORs for the TE, controlled direct effect (CDE), natural direct effect (NDE) and natural indirect effect (NIE) (Readers are referred to VanderWeele et al. [29] for a detailed description of these effects) are given by: 
Results
Identifying CpG dinucleotides that mediate the relationship between alcohol consumption and EOC status
We initially fit a logistic regression model, which modeled the EOC status as a function of alcohol consumption, while adjusting for other covariate effects such as differential leukocyte cell counts, and study enrollment year (OR = 0.336; 95%CI [0.169, 0.651]; p-value = 0.001). This shows that alcohol consumption was inversely associated with EOC status in these data. In an attempt to identify CpGs where DNAm might be associated with EOC conditional on alcohol consumption, Step 2 results show that 3,055 out of 25,926 (11.8%) CpGs (FDR q-value < 0.05) were potentially associated with EOC status, conditional on alcohol consumption (see Fig. 3 ). We then fit a linear regression model expressed in model (2) to discern the relationship between these DNAm sites and alcohol consumption, conditional on EOC status (Step 3 in the CIT procedure). A total of 61 CpGs (p-value < 0.05) were identified as potentially significantly associated with alcohol consumption conditional on EOC status (see Fig. 4 ). Note that there is no need to control the familywise error rate at this step, since the hypothesis is to assess the association of DNAm at each CpG site with alcohol consumption separately.
We then examined whether EOC status was independent of alcohol consumption conditional on those 61 DNAm loci (Step 4 in the CIT procedure). We identified two potential CpGs with statistical significance (L⊥T|G, p-value < 0.05), which are shown in Table 2 .
We next applied the VanderWeele and Vansteelandt multiple mediator model for a validation of the results obtained by using the CIT procedure. The results shown in Table 3 indicate that the total and direct effect of alcohol consumption on EOC status as well as the indirect effect mediated through multiple mediators (cg09358725 and cg11016563) are statistically significant, which represent a potential DNAm-mediated relationship between alcohol consumption and EOC risk. Also, after exploring the relationship between alcohol consumption and DNAm as it relates to EOC status, the estimated OR for the alcohol-EOC association was substantially increased after adjusting for these two CpGs simultaneously, suggesting that these CpGs act as potential mediators (see Fig. 5 for a  comparison) . Thus, alcohol use may associate with EOC status in these data by regulating CpG-specific DNAm patterns. As one reviewer pointed out, VandeWeele and Vansteelandt's method treats multiple mediators as joint mediators, hence it will be impossible to weigh the relative importance of the two mediators (cg09358725 and cg11016563). As such, the results should be interpreted with caution.
Discussion
Alcohol consumption was previously reported to be associated with epigenetic markers such as DNAm changes [13, 14] . The effects of alcohol consumption on DNAm are likely modulated by its ability to interfere with the methyl donor, S-adenosylmethionine (SAMe) [30] . The role of DNAm at specific loci associated with alcohol consumption in human disease such as fetal alcohol spectrum disorders [31] , liver disease and the gastrointestinal tract [32] , colon cancer [33] , and breast cancer [34] , has been studied in recent years. Here, we focused our attention on the identification of epigenetic marks that are potential mediators of an association between alcohol consumption and EOC status in a clinic-based study population. Such analyses are critical to enhance our understanding of EOC pathogenesis. Moreover, the alcohol-DNAm markers identified through the analyses will contribute to the growing pool of riskassociated biomarkers for EOC. In our analysis, we classified alcohol consumption as alcohol use at enrollment vs. no use at enrollment. Our analysis identified cg11016563 as a potential mediator of alcohol consumption for EOC. In both cases and controls, people who drank alcohol at enrollment had lower methylation levels compared to those who did not drink. This locus resides in CpG island region located within gene TRPC6 (transient receptor potential cation channel, subfamily C, member 6) promoter region. TRPC channels are Ca 2+ -permeable cationic channels controlling Ca 2+ influx response to the activation of G protein-coupled receptors and protein tyrosine kinase pathways or the depletion of Ca 2 + stores. Overexpression of TRPC6 has been reported in gliomas and ovarian cancer cells [35, 36] . Zeng et.al. [37] suggest that TRPCs and their spliced variants are important for human ovarian cancer development and alteration of the expression or activity of these channels could be a new strategy for anticancer therapy. The mRNA of TRPC6 was detected in human ovarian adenocarcinoma. Overexpression of TRPC6 increased the cancer cell colony growth. The overexpression of this gene might be due to the DNAm of TRPC6. Further biological evidence is needed to confirm this.
Our analysis also identified cg09358725, located in gene LMO2 (LIM domain only 2) and was found to have low DNAm level in EOC cases in the present analysis (see Fig. 5b ). LMO2 was identified as the 5′ gene in an interchromosomal fusion with ACVR2A (activin A receptor, type IIA). LMO2 has been implicated in B-cell lymphoma [38] and prostate cancer [39] and is proposed to be a prognostic marker for survival in pancreatic cancer [40] . In both cases and controls, people who drank alcohol at enrollment had lower DNAm levels at this locus compared to those who did not drink. Further investigation is needed to confirm its role in EOC.
Part of the data analyzed in this work was previously analyzed, focusing on the relationship between genetics and epigenetics as they relate to the risk of EOC [22] . The previous analysis aimed to identify DNAm markers that are mediators for the relationship between inherited variants and EOC risk, while we aimed to identify DNAm markers acting as potential mediators for alcohol-associated EOC risk. None of the two CpGs identified in our analysis have been previously identified as significant epigenetic markers differentiating case-control status [22] and there is no direct evidence of these methylation sites associated with the incidence of EOC, highlighting the importance of the causal mediation analysis. Although direct casual effect of alcohol consumption on EOC risk is difficult to establish, it is possible that alcohol consumption may modify DNAm levels, which may further affect EOC risk. The results thus emphasize the role of the identified DNAm sites and their potential role in the pathogenesis of EOC. In the meantime, we need to be cautious when we interpret the statistical results. Although alcohol consumption can affect DNAm levels at certain sites, such an effect may be temporary. Thus, the identified epigenetic markers may not be stable. Further investigations are needed to confirm the role of the identified CpG sites on EOC risk.
In this analysis, we modified the CIT procedure in Step 2 by applying a high-dimensional testing procedure. Highdimensional data are routinely generated in genetics and genomics with emerging biotechnologies. Classical linear regressions cannot be applied directly given that the number of variables could be much larger than the number of sample size. Although the recent developments in highdimensional variable selection (e.g., LASSO) provide an alternative solution to marginal regression, these methods cannot quantify the uncertainty of coefficient estimates. Hence, one cannot get rigorous p-values that are more attractive to biologists from a practical perspective. In this work, we adopted a high-dimensional testing procedure [21] to test the regression coefficients in a high-dimensional linear model set-up. This method has theoretical guarantees and is relatively easy to implement. We hope the modified CIT procedure by incorporating the high-dimensional testing step can be adopted by other researchers to improve their analysis.
Note that the data in this analysis were obtained based on a matched case-control design. A natural model choice for a matched case-control study is the conditional logistic regression model for a binary disease response. However, recent study revealed that it is not always the case that a matched design requires a matched analysis [41] . Pearce [41] showed that a standard logistic regression model controlling for the matching factors should work, and in fact should be preferred in cases where matching could introduce confounding effects. We did try a conditional logistic regression model and got similar results for the lowdimensional regression steps. For the high-dimensional testing procedure in Step 2, it is not clear how a conditional logistic regression can be applied. Thus, we focused our analysis with a regular logistic regression model in this work. Further methodology development is needed for high-dimensional testing in a conditional logistic regression set-up.
Our study is based on a case-control design and there may be a non-causal association between alcohol consumption and EOC status. In a case-control study, it is impossible to directly establish causality on the basis of a purely retrospective observational study. With data collected with questionnaire about alcohol consumption at enrollment, the amount of DNA methylation may not represent stable epigenetic markers, making it difficult to establish the causality. Another limitation of this study is the difficulty in determining direction of the causal pathway. The results obtained by CIT test do not necessarily reflect a biological causal relationship. We cannot rule out the possibility that EOC development affects alcohol consumption, which in turn affects methylation, and this further complicates the problem with a retrospective case-control design. Furthermore, we were limited by sample size to combine across EOC histotype. Further molecular investigations are needed to confirm the mediation mechanisms of the identified DNAm sites associated with EOC. Thus, we hope that our findings can serve as a basis to generate meaningful biological hypotheses for future mechanistic and functional validation in independent study populations and/or prospective studies.
